ABSTRACT Ubiquitous learning (u-learning) has been recognized as an exciting approach to knowledge acquisition and skill development. However, a few studies have examined the factors influencing employees' acceptance of u-learning in a ubiquitous computing environment, and the impact of interaction-oriented learning systems' design factors on usage intention (UI) is rare as well. This paper proposes an integrated model derived from the technology acceptance model (TAM) by focusing on users' perceptions of interactivity (INT), software, and hardware design factors. A questionnaire survey was used, and responses of 368 Chinese knowledge workers as learners in Beijing were analyzed using the partial least square structural equation model. This paper successfully integrated three sub-dimensions-interaction, software, and hardware design-into a learning systems design model from a user perspective. The results reveal that perceived INT, perceived content, and perceived infrastructure significantly influence how employees adopt u-learning. This paper is among the first ones to explore INT as a critical factor influencing employee u-learning. Furthermore, it also explored two attitude dimensions toward ''formal'' and ''informal'' u-learning formats and found that these attitudes influence UI, and based on that the TAM is extended. This paper contributes to the literature by investigating the factors affecting employee acceptance of u-learning technology. This paper has several implications for both researchers and practitioners of u-learning and in the educational technology context.
to learn anywhere and/or anytime in the ubiquitous computing environment [1] , [2] .
Many organizations have now recognized the need to promote digital learning for training and development. Developing the abilities and skills of the employees has become an important strategy for obtaining competitive advantages, which in turn will greatly promote organizational performance. With the improvement of digital workforce, u-learning has been recognized as an approach to formal and informal learning for employees, which distinguishes it from the traditional e-learning format [4] .
In comparison with workplace and professionals research, previous empirical research on u-learning has two dimensions in university and schools: one regards user perception and cognition-oriented perspective [1] , [2] ; the other concerns digital technology and device-oriented perspective [1] , [5] . However, these learning relationships can be found to occur only in academics, including higher education, high school, and even elementary education [4] , [6] . With regard to workplace and professionals, u-learning is less clearly illustrated and analyzed. Moreover, learning characteristics of adult employees and students are quite different, as employees' learning usually associate with work-based and performance-oriented expectations [7] . Therefore, for u-learning technology to be successfully implemented in organizations for professionals to overcome the potential and complex challenges, a study of usage intention for employees is urgently required.
Specifically, previous studies have confirmed that digital technology and u-learning are, at different degrees, influenced by user perceptions [2] . Thus, from a tridimensional learning system design perspective [8] [9] [10] , namely, interaction, software, and hardware aspects, the impact of perceived interactivity (INT), perceived content (PC), and perceived infrastructure (PI) [11] on the UI of u-learning is unclear. Meanwhile, it should be noted that ''formal learning'' for employees mainly refers to continuing education and formal training after getting a job; whereas ''informal learning'' refers to the transmission and penetration of knowledge via non-educational social interaction that takes place at times and places of informal formats. With the development of ubiquitous computing and u-learning, learning can be omnipresent. However, previous studies in u-learning technology acceptance context have mostly focused on at traditional schools and universities rather than at workplace, and an empirical study on ubiquitous learners' attitudes toward informal and formal mobile learning is rarely researched.
To fill these gaps, this study investigates the technology acceptance model (TAM) of employees' u-learning and uses TAM as a theoretical framework to build an extended model from the tri-dimensions of interaction, software, and hardware design, which are the influencing factors in ubiquitous computing environment. The corresponding three variables of perceived interactivity, perceived content, and perceived infrastructure have been explored as influencing factors in empirical research. From the perspective of user feedback, the research examined the action mechanism of their attitudes by comparing both formal and informal u-learning formats. Ultimately, it analyzed the relationships of the above factors with regard to employees' usage intention to use u-learning.
The remainder of the paper is structured as follows. Section 2 provides the theoretical foundation for the proposed research model and hypotheses. Section 3 describes the research method and data collection, and the results are presented and analyzed in Section 4. Section 5 indicates the implications, limitations, and opportunities for future research.
II. THEORETICAL BACKGROUND AND HYPOTHESES

A. UBIQUITOUS LEARNING FOR EMPLOYEES AND RESEARCH MODEL
Employees' learning can be divided into two basic forms: formal and informal [12] . Research on specific learning forms can be traced back to the 1950s, when these concepts were formally proposed [4] , [5] . However, focused research only began at the end of the 20th century. Workplace ''formal learning'' mainly refers to continuing education and formal training after job-taking while ''informal learning'' refers to the transmission and absorption of knowledge through non-educational social interaction at informal times and places of self-initiated, self-regulated, and selfresponsive learning by learners [5] . With the development of ubiquitous computing and u-learning, informal learning can be omnipresent [2] . When it is integrated into people's lives and occurs naturally [12] , it is of great significance. At times, the goal of informal learning is clearly directional, but at other times, the goals and learning effects are uncertain and unclear [13] , such as understanding the company' culture, finding a ''feeling'' for the work role, etc.
With the rapid improvement of digital technologies, ubiquitous computing has increasingly expanded its applications [6] , [7] . Smart mobile technology, which includes smartphones, mobile tablets, wearable devices, and u-learning, has grown from traditional computer-operated platforms to more mobile devices [4] . U-learning technology is intensively linked with innovative technology and IoT. Previous empirical studies on u-learning has two main dimensions: 1) user perception and cognition-oriented perspective, such as users' acceptance, attitude, engagement, motivation, learning targets, and cognitive process, and others [4] , [5] and 2) digital technology and device-oriented perspective, including physical settings, technology functionality, and device features, among others [8] [9] [10] . Accordingly, in previous studies, u-learning could only be adopted mainly in traditional schools and universities [1] , [3] . Less is known about the factors that influence employees' intention to adopt u-learning in ubiquitous computing environments [1] , [2] .
To explore employees' usage intention of u-learning, the TAM was used as a basis. TAM is one of the most broadly applicable and influential models in examining the UI of emerging and innovative technology, which includes educational technology [2] , [4] [5] [6] , [14] . Davis proposed studying users' acceptance of information systems (ISs) [14] and suggests two main determinants: perceived usefulness (PU) and perceived ease of use (PEU) [2] . Meanwhile, users' perceptions significantly affect users' intention to use learning technology [2] . Thus, the impact of INT, PC, and PI [11] on u-learning attitude and UI was considered, and the relation among influential factors and UI should be explored from a standpoint of interaction, software, and hardware tridimensional learning system design [8] [9] [10] . Hence, an extended TAM is constructed, as Fig. 1 shows, and the rationale for the proposed links in this model is explained in the following section. 
B. HYPOTHESES DEVELOPMENT
In previous studies, a collection of models such as TAM, the theory of planned behavior, the innovation diffusion theory, and combinations of these have been widely employed by researchers to investigate students' usage and reuse intention for e-learning systems [2] , [15] . Among previous models, the TAM [2] , [14] is designed to explore the use of computer and IT feedback for employees and was widely applicable in the past decade. TAM proposes two determinants: perceived usefulness (PU) and perceived ease of use (PEU) [2] . PU is the degree to which a person considers that using a certain system can improve the job performance; PEU refers to the degree to which a user considers a specific system easy to use [5] , [14] . The original purpose of proposing TAM was to explain the factors determining the wide receptiveness to computers, especially in the workplace [2] , [14] . It considers IS adoption as determined by behavioral intentions, which are jointly determined by the attitude [5] . Therefore, TAM is clearly an appropriate theoretical basis for exploring the attitude and willingness of employees to use u-learning by the inclusion of digital transformation with respect to the research background.
At the same time, with the development of technology, the exploration of external factors of TAM as an extension and their influence on these variables becomes highly necessary. As influencing factors that trigger the learners' perceptions, the three dimensions of interaction, software, and hardware design are factors that have been employed in previous studies [8] , [9] , [11] to construct extended models. Therefore, when investigating the employees' attitudes toward and willingness to utilize u-learning technology, the research considered the corresponding three variables of perceived interactivity, perceived infrastructure, and perceived content as influencing factors in the empirical research to investigate their action mechanism upon the attitudes toward learning and their ultimate impact on employees' adoption of u-learning.
Existing research has explored the interactivity of e-learners as a significant determinant in distance or online learning formats [9] , [12] . Interaction design experiences are considered triggers of extrinsic motivation or integrated internal and external motivation [5] . Ubiquitous learners do not interact with their tutors or instructors directly and instead rely on relevant interaction designs and their effects [12] . In this situation, the instructing and learning processes are mediated by ubiquitous technologies [4] . In previous studies, interactivity has been defined as the degree to which users confirm that their communication behavior or webbased learning interface relied on a perception-oriented approach due to their actions and responses [9] , [12] . Considering these, interactivity may drive the attitudes toward real-time feedback, PU network interaction, and u-learning PEU for employees. Therefore, the following hypotheses are proposed:
H1a-b: Perceived interactivity positively influences perceived usefulness and perceived ease of use.
Content is the medium and information that affects how the end user perceives the ''message'' [11] . From the viewpoint of technological effects, for example, YouTube content is considered essential in dealing with distracting content in the system and attracting an audience. Perceived content is the user's experience related to their perception a reasonable assessment of the perceptions of contents in information system [11] . The use of smart terminals in mobiles for learning is likely to be attracted by the perceived content [9] of mobile education, specifically, by their desire and uniqueness, which renders benefits of personal growth and development or the enhancement of organizational performance. In other words, the desire and knowledge of new could be an important feature of learning contents, enabling users to make a reasonable assessment of the perceptions of courses, materials, or training contents in learning software design. Therefore, the following hypotheses are proposed:
H2a-b: Perceived content will positively influence perceived usefulness and perceived ease of use.
Perceived infrastructure refers to the user's experience related to their perception of the efficiency based on the performance of a smartphone and other mobile-device hardware [11] . It is often used as an important external factor and assessment indicator of the impact of hardware architecture and environment on users [5] . U-learning provides a range of supporting hardware that can replace certain computer features, such as community modules, Wi-Fi sensors, recording devices, microphones, and speakers. The functionality of hardware can help users to more efficiently deal with their daily e-learning process [12] . The hardware specifications of a device can affect users' beliefs about ubiquitous technology [11] . The infrastructure and compatible devices will be significantly related to the performance of mobile devices by confirming whether users can perceive both, the ease of use and usefulness [14] . Hence, perceived infrastructure is expected to enhance an individual's cognition of PEU and PU. Therefore, the following hypothesis is proposed:
H3a-b: Perceived infrastructure will positively influence perceived usefulness and perceived ease of use.
In the past few years, the TAM [2] , [14] has acquired attention in IS domain interested in adoption behavior. It has since been adopted by those studying the intention of using mobile devices [12] , [13] and demonstrates PU and PEU as the motivators of digital learning usage. The attitude of the user refers to the subjectively feelings of individual users when using the system [14] . Employees' u-learning attitudes include attitudes toward formal learning as well as informal learning. Workplace formal learning mainly refers to continuing education and formal training after getting a job [13] . They are usually operated in the context of corporate training and staff education [7] . Informal learning is any learning that occurs in informally, such as self-directed learning; it is operated differently than formal learning because sometimes it has no certain or fixed objective in terms of learning outcomes from the e-learner's viewpoint [13] . The PU and PEU are also likely to exert an influence on the attitude of u-learning regarding user perception. Therefore, the following hypotheses are proposed:
H4a-b: Perceived usefulness will positively influence the attitude toward formal and informal learning.
H5a-b: Perceived ease of use will positively influence the attitude toward formal and informal learning.
Meanwhile, the UI is the measurable degree of the individual's willingness to conduct a specific usage behavior [2] , [14] . U-learning for employees includes both formal training or continuing education needs and informal social media communication or web-browsing for the improvement of competency and skills for personal development [7] . Both attitudes toward formal and informal learning may also have potential impact on the UI of u-learning for employees [13] . Moreover, attitude may also play the mediating role among external variables and UI. Technology adoption factors, attitude toward formal learning (AFL) and attitude toward informal learning (AIFL), will exert mediating effects on interactivity-oriented learning systems design factors [4] , [5] . Therefore, the following hypotheses are proposed:
H6: Attitude toward formal learning will positively influence usage intention.
H7: Attitude toward informal learning will positively influence usage intention.
H8: Attitudes toward formal and informal learning play the mediating roles in the relationships among perceived interactivity, perceived content, perceived infrastructure, and usage intention.
On the basis of the above analysis, this research proposes arguing that software, hardware, and interaction factors will significantly influence users' attitudes and acceptance intention of u-learning for employees.
III. METHODOLOGY
A questionnaire survey was used as the method for collecting data. The research model comprised nine constructs derived and modified from previously related studies [2] , [8] , [9] , [11] , [13] , [14] , [16] , [17] . The list of items is shown in Appendix A. These items were measured on a five-point Likert-type scale, ranging from ''5 = strongly agree'' to ''1 = strongly disagree.'' Each item was translated from English into Chinese by our research team and professional translating institute. After the survey was administered, the responses were translated back into English. After the instrument was developed, a pilot study was conducted. Initially, it was examined by six m-learning experienced experts and scholars. Considering their opinions and suggestions, the researchers modified the questions and descriptions to enhance their understanding to conform to the attitude for u-learning.
Before formally filling the questionnaire, to confirm the efficiency and effectiveness of the survey, a special question was posed, asking the employees whether they have already regularly participated in u-learning based on ubiquitous computing technology in their companies or institutions. After assessing their keen u-learning participation, the initial three questions concerned the profile of the participants (age, gender, experience of u-learning). The next section consisted of questions related to perception, attitude, and UI of u-learning in contrast to traditional classroom learning or e-learning. Then, a pretest study with 30 experienced m-learning users at the Questionnaire Star Online Survey channel in China was performed. The pretest results indicated that each measurement scale fulfilled the criteria (i.e., Cronbach's alpha being greater than 0.6) for performing a larger-scale survey, also suggesting good validity of the scale.
This study applied simple random sampling by the professional investigation services from Questionnaire Star Online Survey Company in China. The questionnaire survey was administered over three weeks from February 20 to March 12, 2018. The participants were recruited by Questionnaire Star from their network and database in Beijing by simple random sampling technique. Participants were informed that no personal information would be correlated with their responses so they could express their real opinions without anxiety. After finishing the survey, they could choose between an allowance and a small gift from investigation services company. Accordingly, the empirical data were collected through the participants. In total, 399 questionnaires from employees as ubiquitous learners were collected. Thirty-one participants were excluded for incomplete questionnaires or questionnaires finished within a very short time; 368 questionnaires were deemed as valid. Meanwhile, different positions of respondents, such as manager, engineer, administration staff, finance staff, and other knowledge workers, were taken into account to enhance representatives. Table 1 presents the demographics of the respondents to elucidate the sample structure. Males and females account for 41.8% and 58.2%, respectively. More than a half of the participants were in the 18-35 years age group (61.4%). The largest online m-learning experience proportion was under two years (41.6%), followed by those three years above (58.4%). The positions of respondents consist of manager (13.3%), research and development (R&D) engineer (22.6%), administration and financial staff (26.4%), and other knowledge workers (37.8%).
IV. DATA ANALYSIS AND RESULTS
The approach of partial least squares structural equation model (PLS-SEM) toward the SmartPLS program software was performed to analyze the data collected through two steps including examining the inner (measurement) model and outer (structural) model accordingly [18] [19] [20] [21] .
A. THE MEASUREMENT MODEL
PLS-SEM was preferred over covariance-based SEM because multivariate normal distribution data is not necessarily strict [18] , [20] . Either exploratory factor analysis or confirmatory factor analysis could be conducted by partial least squares algorithm and PLS-SEM [19] , [21] . Thus, the inner model was assessed by corresponding measures illustrated in Tables 2 and 3 . Cronbach's alpha and composite reliability values higher than 0.7 indicate acceptable reliability. The minimum average variance extracted (AVE) value (0.808) is higher than 0.5 [18] , [20] , demonstrating convergent validity. Moreover, for variance-based PLS-SEM, the evaluation of cross-loadings is an alternative approach to the FornellLarcker criterion for testing discriminant validity [19] , [20] . Thus, using the cross-loadings matrix analysis, this research examined whether the value of factor loadings itself was higher than that of other indicators. As shown in Table 3 , the results of factor loadings and cross-loadings demonstrate their discriminant validity accordingly [19] .
B. THE STRUCTURAL MODEL
The structural model reports the path structures illustrating the relationships of constructs [19] . Table 4 and Fig. 2 denote the path coefficients, significance level, and results of hypothesis testing. As expected, the direct influence starts achieving significance, and thus no hypothesis is rejected. The highest T-value of the path coefficient is 10.203, the constructs between PEU and AIFL. The lowest T-value of the path coefficient is 2.831, the constructs between PI and PU. The correspondent R square is shown inside the constructs image in Fig. 2 . This section discusses mediation effect by partitioning the bootstrapping method toward specific indirect effects [18] , [20] . To analyze mediation effects, the appropriate method is bootstrapping, as it already offers a much better alternative that imposes no distributional assumptions [19] . The research involved conducting bootstrapping tests for re-sampling by SmartPLS 3.0 program software. The results and illustrations are presented under specific indirect effects analysis in Table 5 . All of the relationships are significant, as effect of each being positive denotes the existence of the mediation effects among UI and its antecedents [18] , [20] , thereby supporting H8. 
V. DISCUSSION AND CONCLUSION
From the perspective of theoretical implications, this study adopted an extension of TAM to investigate the usage intentions of learners utilizing u-learning technology in ubiquitous computing environment [24] [25] [26] [27] [28] [29] [30] . Our model successfully integrated interactivity-oriented learning systems design, including three sub-dimensions-interaction, software, and hardware-affecting user perceptions into a research model in the context of u-learning. The results of our study improve the understanding learning technology regarding the relationships among interactivity-oriented learning systems design, users' perceptions, attitudes, and usage intention. More specifically, they contribute to the u-learning literature in the following ways. VOLUME 7, 2019 First, this study is among the first ones to investigate the prerequisites of employees-as-learners' UI in ubiquitous computing environment [4] , [5] . From the view of attitude in the u-learning context, apart from the dimension of AFL in previous researches [2] , [14] , this research explored the attitude dimension based on informal learning format in the u-learning context, and the results revealed that both AFL and AIFL significantly affect learners' UI. Through the bootstrapping method, both AFL and AIFL play mediating roles in design facets as antecedents and UI as consequences. Thus, this study explores the mediating role of technology acceptance-oriented factors among UI and its antecedents and identifies the mediation effects in the u-learning context. In doing so, it extends the work of TAM to the context of u-learning.
Second, it was found that INT is an important factor in affecting UI in employees' u-learning. In previous studies, less has been known about the influence of INT on learners' UI either for employees or in the ubiquitous computing environment [9] , [12] . Our results empirically demonstrate a direct positive relationship between INT and UI. Our findings illustrate that INT is a concrete measurement variable to assess the significant impact of interaction on u-learning user attitude and acceptance from the perspective of interaction design. Therefore, this study enriches the existing literature by illustrating that INT is also proved to be a direct determinant of learners' UI via u-learning.
Third, this study primarily reveals that perceived content is a critical factor affecting UI in u-learning. Perceived content was mainly investigated and examined in social media and wearable technology in previous studies [9] , [31] . This study initially explored the impact of PC on UI, and the results show that PC significantly affects UI. Our findings also illustrate that PC is also a concrete measurement variable to assess the influence of content on u-learning user attitude and acceptance from a software design standpoint. Meanwhile, this study contributes to the u-learning literature from a hardware design perspective by proposing that perceived infrastructure is validated as the direct determinant of learners' UI. The research also showed a positive relationship between perceived infrastructure and UI, which has seldom been proposed [2] . Furthermore, this study confirms PU and PEU as predictors of learners' UI in ubiquitous computing environments as mentioned by previous studies [4] , [5] . Consistent with previous literature [2] , [14] , [32] , our research reveals that both PU and PEU not only positively influence attitudes but also indirectly affect UI.
From the perspective of practical implications, the conclusions of this study are valuable for training employees in enterprises that can make targeted measures to promote employees' u-learning and improve the training or learning outcomes on the basis of the impact of the three constructs of perception of interaction, software, and hardware on employees' attitude and willingness to use. First, efforts should be made to continuously improve the quality of training information, provide good training assistance, and enhance user perception of the content to boost learners' UI. In view of employees' diverse attitudes toward formal and informal learning, while formulating courses and learning content, companies and organizations should effectively integrate formal and informal learning for case-specific design and consideration. Moreover, considering the indirect effects of PEU, PU, and user attitudes, on the one hand, efforts should be made to strengthen system support and enhance device and software system compatibility to build a good foundation for further interactive performance. On the other hand, efforts must also be made to improve the maintenance of system INT and enhance the interaction among employees, other learners, and virtual service providers.
This study contributes to the literature by proposing an integrated theoretical framework based on TAM to explain how learners adopt the use of u-learning systems by employees in ubiquitous computing environment. It successfully integrated interaction-oriented learning systems design into a research model. The results improve the understanding of the relationships between interaction-oriented learning systems design, users' perception, and usage intention. The model is an extension to TAM and enhances theoretical foundations of UI on u-learning in the workplace as well as the e-learning literature in general in the following ways. First, this study is among the first to investigate the determinants of employeesas-learners' UI in the ubiquitous computing environment. Second, it primarily explores interactivity as a crucial factor that influences employees' UI. Third, it identifies that PC and PI are determinants of UI as the response of u-learning acceptance. Fourth, this research also explores two attitude dimensions in the context of u-learning formats: AFL and AFIL, and both the dimensions directly influence UI to a great extent. Additionally, it reveals that both PU and PEU not only positively influence attitude but also indirectly influence attitude through UI. Finally, attitudes exert mediating effects among UI and three interactivity-oriented learning systems design factors. Thus, it offers a more comprehensive understanding of u-learning for professionals with respect to behavior, intention, and cognition. Accordingly, the acceptance rate of the u-learning system will be improved and a friendly u-learning environment for facilitating ubiquitous learning will be developed and released.
The results of this study should be discussed and accepted in line with its limitations for the following reasons. First, the participants were u-learning users from China, and culture and lifestyle vary from country to country. Second, the level of understanding was also a limiting factor. This study investigated the factors in terms of interaction, software, and hardware, however, other variables may also be considered in future research. Additional predictors, such as norms, self-efficacy, and recommender systems evaluation may also influence acceptance intention in ubiquitous computing environments [33] [34] [35] . To contribute to more precise u-learning and training strategies, future studies can identify the underlying differences among different demographic groups with respect to age and gender. Future studies should follow this line of research to better understand the behaviors of employees' as learners in the era of u-learning and ubiquitous computing environment.
APPENDIX
See Table 6 . 
